Phase contrast X-ray computed tomography (PCI-CT) has recently emerged as a novel imaging technique that allows visualization of cartilage soft tissue, subsequent examination of chondrocyte patterns, and their correlation to osteoarthritis. Previous studies have shown that 2D texture features are effective at distinguishing between healthy and osteoarthritic regions of interest annotated in the radial zone of cartilage matrix on PCI-CT images. In this study, we further extend the texture analysis to 3D and investigate the ability of volumetric texture features at characterizing chondrocyte patterns in the cartilage matrix for purposes of classification. Here, we extracted volumetric texture features derived from Minkowski Functionals and gray-level co-occurrence matrices (GLCM) from 496 volumes of interest (VOI) annotated on PCI-CT images of human patellar cartilage specimens. The extracted features were then used in a machine-learning task involving support vector regression to classify ROIs as healthy or osteoarthritic. Classification performance was evaluated using the area under the receiver operating characteristic (ROC) curve (AUC). The best classification performance was observed with GLCM features correlation (AUC = 0.83 ± 0.06) and homogeneity (AUC = 0.82 ± 0.07), which significantly outperformed all Minkowski Functionals (p < 0.05). These results suggest that such quantitative analysis of chondrocyte patterns in human patellar cartilage matrix involving GLCM-derived statistical features can distinguish between healthy and osteoarthritic tissue with high accuracy.
SS

MOTIVATION/PURPOSE
Phase-contrast X-ray computed tomography (PCI-CT) has recently emerged as a novel imaging approach that provides soft-tissue contrast in cartilage tissue at a micrometer scale resolution [1] . Osteoarthritis (OA), which is one of the leading causes of disability worldwide, is an ideal candidate for PCI-CT as early detection of degenerative cartilage structural changes associated with this disease could potentially result in improved prognosis [2] . The ability of PCI-CT to visualize the differences in chondrocyte organization between healthy and osteoarthritic patellar cartilage has been previously demonstrated [1] . With the aim of developing segmentation tools for automated quantification of healthy and diseased cartilage, we explore the performance of volumetric texture features in characterizing chondrocyte organization in the cartilage matrix.
Previous studies have demonstrated the effectiveness of 2D texture features in capturing differences between healthy and diseased patellar cartilage samples [3] . Extending this approach to 3D, we use volumetric texture features derived from Minkowski Functionals and gray-level co-occurrence matrices (GLCM) for characterizing chondrocyte organization. Minkowski Functionals describe global topological characteristics of underlying gray level patterns while GLCMderived second order statistics can characterize texture in gray scale images. Both approaches have been applied in different medical image analysis studies [4, 5] . This work is embedded in our group's endeavor to expedite 'big data' analysis in biomedical imaging by means of advanced pattern recognition and machine learning methods for computational radiology, e.g. .
The goal of this work is to evaluate and compare the performance of these descriptors to characterize chondrocyte patterns to adequately discriminate between healthy and osteoarthritic samples of cartilage in 3D, as discussed in the following sections. 
DATA
Our dataset consists of 2 (1 healthy and 1 osteoarthritic) cylindrical osteochondral samples with 7mm diameter. These were extracted within 48 hours of postmortem from the lateral facet of the human patella using a shell auger. The cylinder height was trimmed to 12mm including the complete cartilage tissue and portions of the subchondral bone. The samples were continuously rinsed with 0.9% saline during all the procedures. They were kept in 10% formalin solution during image acquisition.
These samples were subject to PCI-CT imaging with an analyzer-based imaging (ABI) scheme at the European Synchrotron Radiation Facility (ESRF, France). A highly collimated X-ray beam was produced by a 21-pole wiggler after monochromatization by the means of a double Si (111) crystal system and an additional single Si (333) crystal [37] . The analyzer used for the experiments was a single Si (333) crystal. Quasi-monochromatic X-rays of 26 KeV were used. The imaging detector used was the Fast Readout Low Noise (FReLoN) CCD camera developed at ESRF [38] . The X-ray beam was converted to visible spectrum by a 60 µm thick Gadox fluorescent screen. This light was guided onto a 2048x2048 pixel 14x14 m 2 CCD (Atmel Corp, USA) by a lens-based system. The effective voxel size was 8x8x8 µm 3 . Further details about the experimental setup can be found in [1] .
An image volume of 1120 x 1124 x 805 was acquired for each specimen and subsequently trimmed to eliminate background regions. A total of 496 VOIs, measuring 25 x 25 x 25 were extracted from the radial zone of the cartilage matrix in these two samples (256 healthy, 240 diseased).
METHODS
Feature analysis
Minkowski Functionals are used to characterize morphological properties of binary images i.e. shape (geometry) and connectivity (topology) [39] . An n-dimension pattern is characterized by n+1 Minkowski Functionals. For our 3D analysis here, the four Minkowski Functionals are Volume, Surface, Mean Breadth, and Euler Characteristic. Volume gives the number of white voxels in a binary VOI. Surface records the number faces between the white voxel regions and the black background. Mean Breadth represents the curvature of the white voxel regions. Euler characteristic is a measure of connectivity between the white voxel regions in the VOI. Mathematically these are extracted as follows. Volume = n c , Surface = -6n c + 2n f , Mean Breadth = 3n c -2n f + n e , Euler Characteristic = -n c + n f -n e + n v, where n c is the number of cubes, n e is the number of edges, n f is the number of faces and n v is the number of vertices. As these features are defined for binary patterns, the VOIs are first subject to thresholding at different gray levels, and then features are computed from these binary VOIs (Fig. 2) . In this study, we have also explored the effect of binarizing the VOIs using different number of thresholds to compute the Minkowski Functionals. Hence the topological feature vectors are of dimension N, where N is the number of thresholds used. GLCM features, as first proposed by [40] , represent a variety of second order statistical measures that capture the spatial relationship between gray levels in an image. The least correlated and most commonly used features have been used for this study, namely -absolute value, entropy, contrast, energy, correlation and homogeneity [42] . For each VOI, gray levels were quantized to 32 values prior to the GLCM calculation (in 13 principal directions). From the computed GLCMs, the previously mentioned 6 features were computed and used both individually and combined as a 6D feature vector to evaluate their ability to classify healthy and osteoarthritic VOIs in this study. Details of the exact computation of these features can be found in [40] . For this study we have also explored the effect of inter-pixel distance when computing the GLCM. For this purpose, we extracted GLCM features from matrices computed with inter-pixel distances 1 through 5.
Classification
The extracted feature vectors were divided into 60% training and 40% test datasets, and support vector regression [41] with a radial basis function kernel was used for the machine-learning task. The training phase employed a sub-sampling cross-validation strategy; the free parameters of the classifier (cost parameter and shape parameter of radial basis function) were optimized using the training set. The optimized classifier is then used to predict class of VOIs for the independent test set. For measuring the performance of the classifier, the area under the receiver operating characteristic (ROC) curve (AUC) was used. This procedure was repeated 50 times to get the AUC distribution for each texture feature vector used. As there are multiple features involved and hence multiple comparisons, the Holm-Bonferroni correction was used to achieve an overall significance level of p < 0.05.
Texture feature extraction, classifier and statistical analysis were implemented using MATLAB 2010a (The Mathworks, Natick, MA). The free parameter inter-pixel distance for GLCM features plays an important role in the amount of information each feature can capture. A comparison of performance when increasing the inter pixel distance is shown in Fig. 4 . With pixel distance 1, the results are best with AUC values having a mean of 0.83. As inter pixel distance increases the performance of the classifier degrades substantially. Our results suggest that the highest classification performance is achieved by GLCM feature correlation (AUC = 0.83 ± 0.06); comparable performance is achieved by GLCM feature homogeneity (AUC = 0.82 ± 0.07). We also note that GLCM feature correlation significantly outperforms all Minkowski Functionals at classifying healthy and osteoarthritic VOIs (p < 10 -4 ). Table 1 summarizes the AUC values obtained using all features.
RESULTS
NEW AND BREAKTHROUGH WORK
The ability of PCI-CT to acquire high-resolution images that can capture chondrocyte organizational differences in healthy and osteoarthritic samples of the human patellar cartilage has been documented in previous work [1] . Previous studies have investigated the use of 2D texture features for classifying healthy and osteoarthritic ROIs annotated in the radial zone of patellar cartilage matrix, as visualized in PCI-CT [3] . Given the need for quantification of healthy and osteoarthritic regions within a patellar cartilage sample, we explore the performance of volumetric texture features in characterizing chondrocyte organization in the cartilage matrix. Here, we explore the use volumetric topological texture features derived from Minkowski Functionals and second-order statistical features derived from GLCM for classifying VOIs extracted from patellar cartilage as healthy or osteoarthritic.
Our results suggest that GLCM outperforms Minkowski Functionals at the machine learning task. This suggests that the global characterization of the patterns in the VOI provided by Minkowski Functionals is not effective in distinguishing between the two classes of patterns. GLCM on the other hand focuses on local gray-level variations, which contributes to better classification performance. We also note that GLCM correlation exhibits the best classification performance. This feature incorporates the linear dependency of gray levels in a neighborhood, which is measure of how closely related the pixels in the VOI are. In an osteoarthritic sample, the chondrocytes are more clustered and show a more predictable pattern, which is sufficiently characterized by correlation. Among the Minkowski Functionals, comparable classification performance is noted with surface, mean breadth and Euler characteristic. Volume exhibited the worst performance, which indicates its inadequacy in characterizing complex chondrocyte patterns in the cartilage matrix. We have also explored the effect of different free parameters (number of thresholds for Minkowski Fucntionals and interpixel distance for GLCM) in this study. Increasing the number of thresholds does not contribute to improved performance beyond a certain extent (see Figure 3) . And as noted in Figure 4 , the performance of the classifier significantly declines as the inter pixel distance increases.
The use of such volumetric features could contribute towards segmentation of cartilage into healthy and diseased regions, which can be used to quantify the percentage of the radial zone affected by OA. Such PCI-CT based imaging markers could assist in diagnosis and disease progression monitoring of OA, while also enabling quantification of response to different therapeutic intervention strategies.
CONCLUSION
We have proposed an automated approach for classification of healthy and osteoarthritic patellar cartilage VOIs based on volumetric textural characterization of the chondrocyte organization in the radial zone of cartilage matrix, as visualized by PCI-CT images. Our results suggest that GLCM feature correlation achieves high classification performance in this task when compared to topological features derived from Minkowski Functionals. We conjecture that such volumetric analysis can extend towards texture feature-based segmentation of an entire volume of cartilage into healthy and diseased, thereby giving an imaging based diagnostic marker for tracking disease progression and response to therapeutic intervention.
